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bstract

In this study the performance of computational neural networks (CNNs) models to forecast 1-month ahead monthly anchovy catches in the
orth area of Chile considering only anchovy catches in previous months as inputs to the models was analysed. For that purpose several CNN
pproaches were implemented and compared: (a) typical autoregressive univariate CNN models; (b) a convolution process of the input variables
o the CNN model; (c) recurrent neural networks (Elman model); (d) a hybrid methodology combining CNN and ARIMA models. The results
btained in two different external validation phases showed that CNN having inputs of anchovy catches of the 6 previous months hybridised with
RIMA(2,0,0) provided very accurate estimates of the monthly anchovy catches. For this model, the explained variance in the external validation
uctuated between 84% and 87%, the standard error of prediction (SEP, %) was lower than 31% and mean absolute error (MAE) was around
8,000 tonnes. Also, significant results were obtained with recurrent neural networks and seasonal hybrid CNN + ARIMA models. The strong

orrelation among estimated and observed anchovy catches in the external validation phases suggests that calibrated models captured the general
rend of the historical data and therefore these models can be used to carry out an accuracy forecast in the context of a short-medium term time
eriod.

2007 Elsevier B.V. All rights reserved.
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. Introduction

The pelagic fish commonly named anchovy (Engraulis rin-
ens, Jenyns 1842) is together with South American pilchard
Sardinops sagax, Jenyns 1842) one of the most important fish-
ng resources in the north area of Chile. Both species have been
aught in coastal waters since the beginning of the 1950s and
ctually both species support the 42% of total landing (about 2.1
illion of tonnes per year). As a consequence of the anchovy

opulation collapse, in 1983 this fishery in the north area of Chile

s subjected to regulation during the most important reproduc-
ive periods. In this scenario, the forecasting of catches is a basic
opic, because it plays a central role in management of stocks,
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receding decision making (Makridakis et al., 1983). In fisheries
anagement policy the main goal is to establish the applicable
shing effort in a concrete area during a known period keep-

ng the stock replacements. To achieve this aim, it is necessary
o predict uncontrollable events, such as possible abundance or
iomass changes.

The application of statistical and mathematical tools to rel-
vant data in order to obtain a quantitative understanding of
he stocks status and quantitative predictions of stock reactions
o alternative future regimes have been used for many years.
n a general way, three of the major approaches presented in
he literature to assess the biomass available involve models
ased on biological-fishery variables relationships, ‘black box’
pproaches and methods that synthesise the two approaches

entioned previously.
A model based on biological-fishery variables relationships

enerally aims to formulate the biological-fisheries process in
erms of each of its relevant component, such as catch-at-age
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f several years, historical series of catch-effort data, length–
eight relationship, parameters of the population growth model
r time series of spawning stocks and recruitments. Thus, this
ype of model is often too complex and demanding in terms of
ata (Lassen and Medley, 2001). Also, the accuracy of the model
redictions is generally affected by assumed components which
re often highly dependent on the expertise and experience of the
ser concerning fishery behaviour (Hilborn and Walters, 1992;
hepherd, 1999).

In a ‘black box’ approach a model is applied to identify a
irect mapping between inputs and outputs without detailed
onsideration about the internal structure of the biological and
shery processes. Although a fishery is a complex system and

herefore it cannot be completely described in a simple form,
here are many practical situations (such as catch real-time
ccurate predictions) in which a ‘black box’ approach may be
referred to not expend the time and effort required to develop,
alidate and implement a model based on biological-fishery
ariables.

It should be pointed out that data availability often determines
he model choice. In fact, monthly anchovy catches can be easily
btained when compared with data of fish age, length–weight
elationship, age-length key or parameters of the growth model,
atural mortality or time series of spawning stocks and recruit-
ent. Therefore, a ‘black box’ approach that operates only based

n the first data set can be much more suitable for operational
orecasting purposes than a model based on biological-fishery
ariables that also requires the latter set of measurements.

Artificial or computational neural networks (ANNs or CNNs)
an be classified as ‘black box’ type models. A CNN is a
on-linear mathematical structure capable of representing the
omplex non-linear processes that relate the inputs to the out-
uts of a system. CNNs models are being increasingly applied
n many fields of science and engineering and usually provide
ighly satisfactory results. Some specific applications of CNN to
anagement and planning of fisheries include the modeling of

bundance, recruitment, stock biomass, distribution and catch
f different fisheries (Komatsu et al., 1994; Chen and Ware,
999; Huse and Gjosaeter, 1999; Fréon et al., 2003; Hardman-
ountford et al., 2003; Huse and Ottersen, 2003; Maravelias et

l., 2003; Hyun et al., 2005).
In the time series forecasting issues past observations of

ne or more variables are collected and introduced as input
ata in a model that describes the underlying relationships
mong those variables and allows estimating future realiza-
ions of one of the same (Zhang, 2003). Recently, CNNs have
een extensively applied to time series forecasting (Griñó, 1992;
rybutok et al., 2000; Belgrano et al., 2001; Zeng et al., 2001;
utiérrez-Estrada et al., 2004; Pulido-Calvo and Portela, 2007;
elo-Suárez and Gutiérrez-Estrada, 2007), although few studies
ave been applied in fisheries sciences (Komatsu et al., 1994;
hen et al., 2000; Chen and Hare, 2006).

This paper evaluates the performance of feed forward

NN models trained with the Levenberg–Marquardt algorithm

Shepherd, 1997) for the purpose of anchovy catches time series
orecasting (one-step monthly anchovy catch forecast model).
n order to verify if more accurate CNN solutions could be
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chieved, three variations of the typical autoregressive univariate
NN models or additions to those models were tested, namely:

a) a convolution process of the input variables to the CNN
odel (De Vries and Principe, 1991); (b) recurrent neural net-
orks (Elman model); (c) a hybrid methodology combining
NN and ARIMA models were applied to take advantage of the
nique strength of both models in non-linear and linear model-
ng, respectively (Wedding and Cios, 1996; Hansen and Nelson,
997; Zhang, 2003).

. Methods

.1. Data source

The anchovy catches have been obtained from three prin-
ipal data bases: (a) the annual fishery statistics of the Fishery
ational Service of Chile (SERNAPESCA, 1978–2004); (b) the
gricultural and Livestock National Service of Chile (SAG,
963–1977); (c) the data bases of the Sea Institute of Perú
www.imarpe.gob.pe). The final data set was composed by
nchovy catches from January 1963 to December 2005.

.2. Computational neural networks: general concepts

Computational neural networks (CNNs) are mathematical
odels inspired by the neural architecture of the human brain.
NNs can recognize patterns and learn from their interactions
ith the ‘environment’. The most widely studied and used struc-

ures are multilayer feed forward networks (Rumelhart et al.,
986). A typical four-layer feed forward CNN has g, n, m and
nodes or neurons in the input, first hidden, second hidden and
utput layers, respectively [the notation of the neural network
s (g,n,m,s)]. The parameters associated with each of the con-
ections between nodes are called weights. All connections are
feed forward’; that is, they allow information transfer only from
n earlier layer to the next consecutive layers.

Each node j receives incoming signals from every node i in the
revious layer. Associated with each incoming signal (xi) there
s a weight (Wji). The effective incoming signal (Ij) to node j is
he weighted sum of all the incoming signals, according to:

j =
g∑

i=1

xiWji (1)

The effective incoming signal, Ij, passes through an activation
unction (sometimes called a transfer function) to produce the
utgoing signal (yj) of the node j. In this study, the linear function
l) (yj = Ij) was used in the output layer and the sigmoid non-
inear function (s), in the hidden layers:

j = f (Ij) = 1

1 + exp(−Ij)
(2)
n which Ij can vary on the range (−∞, ∞), and yj is bounded
etween zero and one. Because of the use of sigmoid functions in
he CNN model, the values of the data variables must be normal-
zed onto range [0, 1] before applying the CNN methodology.

http://www.imarpe.gob.pe/
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To determine the set of weights a corrective-repetitive pro-
ess called ‘learning’ or ‘training’ of the CNN is performed.
his training helps to define the interconnections among neurons

weights), and it is accomplished by using both known inputs
nd outputs (training sets or patterns), and presenting these to
he CNN in some ordered manner, adjusting the interconnection
eights until the desired outputs are reached. The strength of

hese interconnections is adjusted using an error convergence
echnique so that a desired output will be produced for a given
nput. There are many training methods. In this work, a variation
f back-propagation algorithm (Rumelhart et al., 1986), known
s the Levenberg–Marquardt algorithm (Shepherd, 1997) was
pplied. This is a second-order non-linear optimization algo-
ithm with a very fast convergence and it is recommended by
everal authors (Tan and van Cauwenberghe, 1999; Anctil and
at, 2005).

Levenberg–Marquardt algorithm operates by assuming that
he underlying function being modeled by the neural network
s linear. Based on this assumption, the minimum of the objec-
ive function can be exactly determined in a single step. The
omputed minimum is tested, and if the error is lower than in
he previous step, the algorithm moves the weights to the new
oint. This process is iteratively repeated on each generation.
ince the linear assumption is ill-founded, it can easily lead
evenberg–Marquardt to test a point that is lower (perhaps sub-
tantial lower) than the current one. The most ingenious aspect of
evenberg–Marquardt is that the computation of the new point

s actually a compromise between a step in the direction of steep-
st descent and the above-mentioned leap. Successful steps are
ccepted and lead to a strengthening of the linearity assumption
which is approximately true near a minimum). Unsuccessful
teps are rejected and lead to a more cautious ‘downhill’ step.
hus, Levenberg–Marquardt continuously switches its approach
nd can make very fast progress.

Levenberg–Marquardt algorithm uses the following formula
hat is continuously updated:

W = −(ZTZ + λI)
−1

ZTε (3)

here ε is the vector of errors, Z the matrix of the partial deriva-
ives of these errors with respect to the weights W, and I is
he identity matrix. The first term of the second member of the
evenberg–Marquardt formula represents the linear assumption
nd the second, the gradient-descent step. The control parameter
governs the relative influence of these two approaches. Each

ime Levenberg–Marquardt succeeds in lowering the error, it
ecreases the control parameter by a factor of 10, thus strength-
ning the linear assumption and attempting to jump directly to
he minimum. Each time it fails to lower the error, it increases
he control parameter by a factor of 10, giving more influence to
he descent gradient step, and also making the step size smaller.

On the other hand, the Elman network is commonly a two-
ayer network with feedback from the first layer output to the

rst layer input. Theoretically, this recurrent connection allows

he Elman network to both detect and generate time-varying
atterns. This model has recurrent neurons in its hidden layer
recurrent layer), and normal neurons in its output layer (the

I
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ame as a typical feed forward CNN). This combination is spe-
ial because two-layer networks can approximate any function
with a finite number of discontinuities) with an arbitrary accu-
acy. The only requirement is that the hidden layer must have
nough neurons. Therefore, more hidden neurons are needed as
he function being fit increases in complexity (Elman, 1990).

Let epoch denotes the time period that encompasses all the
erformed iterations after all the patterns are displayed. In the
tudy presented in this paper, the learning process was controlled
y the method of internal validation. Over-training is probably
he most common error in training neural networks. The best

ethod of ensuring that over-training does not occur is to mon-
tor periodically the sum square error for both the training data
nd the selected data for internal validation. It is normal for the
um square error for the training data to continue to decrease
ith training. However, this may be forcing the neural network

o fit the noise in the training data. To avoid this problem, stop
eriodically the training, substitute the internal validation data
or one epoch, and record the sum square error. When the sum
quare error of the internal validation data begins to increase,
he training is stopped and the weights at the previous monitor-
ng are selected for the external validation phase (Tsoukalas and
hrig, 1997).

.3. General procedure

The data set (anchovy catches from 1963 to 2005) was divided
n two subsets: the first one was composed by anchovy catches
rom 1963 to 2004 and the second one was composed by anchovy
atches of year 2005. In the first subset, the 60% of data (ran-
omly selected) were used for the CNNs training or calibration,
he 20% (randomly selected) were used for internal validation
nd the 20% remaining were used in the testing, generalisa-
ion or external validation. This external validation phase was
enoted as external validation type I (EVI). The second subset
year 2005) was used to carry out a second external validation a
ata set belong to full annual cycle of anchovy catches. This sec-
nd external validation phase was denoted as external validation
ype II (EVII).

The inputs number (number of lagged months considered)
ere determined by means the analysis of the partial autocor-

elation function, autocorrelation function and spectral analysis
f the data series. The number of nodes in the hidden layers
as determined by trial and error. CNN architectures with 2
idden layers and 5–20 hidden nodes (hidden layers topology
sed: 5s–5s; 10s–10s; 15s–15s and 20s–20s; where s is the sig-
oid transfer function) were successively trained based on the

alibration data set.
An inherent problem associated with CNNs is their tendency

o get stuck in local minima. To alleviate this problem, the same
NN is trained more than once, starting with a random set of
eights (Anctil and Rat, 2005). The best CNN is then selected

s the one with the lowest error in the external validation phase.

n this paper, a pool of 30 repetitions were carried out for each
NN architecture because this level of repetitions implies that

he chosen model is among the best 14% of the distribution of all
ossible models at the 99% confidence level (Iyer and Rhinehart,
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999). This sensibility analysis allowed the determination of the
est CNN architecture.

CNN models were implemented using STATISTICA 6.0. In
he case of the recurrent neural network, hidden topologies of
–55 neurons were proved. In the same way, 30 repetitions for
ach model were calibrated and validated. These models were
alibrated using Neural Networks Toolbox of MATLAB 6.5.

.4. Computational neural network with smoothing process
f the input variables

The multilayer feed forward network is a static CNN archi-
ecture. To assess the temporal patterns, the CNN must have
n appropriate memory to store past information. The simplest
orm of memory consists of a buffer that contains the δ most
ecent inputs, that is to say, that contains multiple copies of
he significant input data at various time delays δ (the anchovy
atches in previous months t − 1, t − 2, etc.). Another common
ethodology is to represent memory as a convolution of the

nput sequence of monthly catches xi with a kernel or smooth
unction (De Vries and Principe, 1991). Additionally, an advan-
age that presents the application of a smooth function is the
igh-frequency noises removing (Fréon et al., 2003). In the car-
ied out analysis, buffer/smooth function methodologies were
mplemented. In this work, the smoothing function used was:

′
t = αQt + (1 − α)Q′

t−1, α = 1

3
(4)

here Q′
t is the anchovy catches time series smoothed, Qt the

nchovy catch in the t instant, α a smoothed coefficient and Q′
t−1

s the anchovy catch smoothed in the t − 1 instant.

.5. Computational neural network and ARIMA model:
ybrid approach

ARIMA models and CNNs are often compared with no clear
onclusions in terms of the relative forecasting performance
uperiority (Zhang, 2003). ARIMA models assume that a time
eries is a linear combination of its own past values and of cur-
ent and past values of an error term (Box and Jenkins, 1976).
n this paper, a hybrid approach to time series forecasting using
oth CNN and ARIMA models was analysed. The main idea
f the combination of these two models was to use each model
eature to capture different patterns in the data. The methodol-
gy implemented consists of two steps: (a) in the first one, a
NN is developed to model the anchovy catches and (b) in the

econd one, an ARIMA model is used to describe the residuals
rom the CNN model. The ARIMA model helps to interpret the
nexplained variance by the CNN model.

The CNN and ARIMA combined model can be formulated
s follows:

= f (Q , Q , . . . , Q ) + φ−1(B)θ(B)η (5)
t t−1 t−2 t−δ t

(B) = 1 − φ1B − φ2B
2 − · · · − φpBp (6)

(B) = 1 − θ1B − θ2B
2 − · · · − θqB

q (7)

t
t

u
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here f is a function determined by the neural network struc-
ure and connection weights; φj (j = 1,. . ., p) the weights of the
RIMA model associated with each previous observation εt (in

he applications carried out, the residuals from the CNN model);
j (j = 1,. . ., q) the weights of the ARIMA model associated
ith each previous noise terms; B the backshift operator that

ssigns a value to a variable in the previous instant (Bεt = εt−1
nd Bpεt = εt−p); ηt is the noise term in instant t. Differencing
ransformation (d) is often applied to the data to remove the trend
nd to stabilize the mean before an ARIMA model can be fitted.

In the ARIMA(p,d,q) (P,D,Q)S model, values of p and q vary-
ng from zero to six (with a unitary step), and values of d varying
rom zero to two (also with a unitary step) were tested. The val-
es of p, d, and q that proved to be more appropriate according to
he accuracy measures presented in Section 2.6 were then used.
he parameters φj and θj were fixed by using function mini-
ization procedures, so that the sum of squared residuals was
inimized. The level of significance of these parameters was

valuated (acceptable if p < 0.05). This approach was combined
ith the best CNN determined by the previous trainings. The S
alue is the seasonality and P, D, Q are seasonal terms.

Extraction of the periodical components of the time series
an be easily done using the autocorrelation (ACF) and partial
utocorrelation functions (PCAF) (Holton-Wilson and Keating,
996) and Fourier transformation (FFT). The Fourier transfor-
ation for discrete time series is defined as (Park, 1998):

(k) =
N−1∑
n=0

f (n) e(−j2πkn/N) (8)

here f(n) is the discrete time series, F(k) the Fourier trans-
orm of f(n) and N is the total number of months. From the real
nd imaginary parts of the Fourier transformation is possible to
btain the periodogram, which is defined as:

eriodogram = (real part F (k))2(imaginary part F (k))2 N

2
(9)

.6. Measures of accuracy applied in the model validation
hase

To assess the performance of the models during the validation
hases several measures of accuracy were applied, as there is not
unique and more suitable performance evaluation test (Yapo et
l., 1996; Legates and McCabe, 1999; Abrahart and See, 2000).
he correlation between observed and predicted catches was
xpressed by means of the correlation coefficient R. The coeffi-
ient of determination (R2) describes the proportion of the total
ariance in the observed data that can be explained by the model.
ther measures of variances applied were the percent standard

rror of prediction (SEP) (Ventura et al., 1995), the coefficient
f efficiency (E2) (Nash and Sutcliffe, 1970; Kitanidis and Bras,
980) and the average relative variance (ARV) (Griñó, 1992).
hese four estimators are unbiased estimators that are employed
o see how far the model is able to explain the total variance of
he data.

In addition, it is advisable to quantify the error in the same
nits of the variables. These measures, or absolute error mea-
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3.1. ACF, PCAF and FFT of anchovy catch time series

Fig. 1(a) shows the autocorrelation (ACF) and partial autocor-
relation (PCAF) functions of the original anchovy catches time
92 J.C. Gutiérrez-Estrada et al. / Fi

ures, included the square root of the mean square error (RMSE)
nd the mean absolute error (MAE), given by:

MSE =
√∑N

i=1(Qt − Q̂t)
2

N
=

√
MSE,

AE =
∑N

i=1

∣∣Qt − Q̂t

∣∣
N

(10)

here Qt is the observed anchovy catch at the time step t; Q̂t the
stimated anchovy catch at the same time step t; N is the total
umber of observations of the validation set.

The percent standard error of prediction, SEP, is defined by:

EP = 100

Q̄
RMSE (11)

here Q̄ is the average of the observed anchovy catches of
he validation set. The principal advantage of SEP is its non-
imensionality that allows comparing in a same basis forecasts
iven by different models. The coefficient of efficiency E2 and
he average relative variance ARV are used to see how the model
xplains the total variance of the data and represent the ‘propor-
ion’ of the variation of the observed data considered by the

odel. E2 and ARV are given by:

2 = 1.0 −
∑N

i=1

∣∣Qt − Q̂t

∣∣2

∑N
i=1

∣∣Qt − Q̄
∣∣2 ,

RV =
∑N

i=1(Qt − Q̂t)
2∑N

i=1(Qt − Q̄)2 = 1.0 − E2 (12)

The sensitivity to outliers due to the squaring of the difference
erms is associated with E2 or, equivalently, with ARV. A value
f zero for E2 indicates that the observed average Q̄ is as good
s predictor as the model, while negative values indicate that the
bserved average is a better predictor than the model (Legates
nd McCabe, 1999).

For a perfect match, the values of R2 and of E2 should be
lose to one and those of SEP and ARV close to zero.

Also the persistence index, PI, was used for the model per-
ormance evaluation (Kitanidis and Bras, 1980):

I = 1 −
∑N

i=1(Qt − Q̂t)
2∑N

i=1(Qt − Qt−L)2
(13)

here Qt−L is the observed catch at the time step t − L and L is
he lead-time. In the carried out applications L was set equal to
ne, since only 1-month ahead forecasts were performed. A PI
alue of one reflects a perfect adjustment between predicted and
bserved values, and a value of zero is equivalent to say that the
odel is not better than a naı̈ve model, which always gives as

rediction the previous observation. The PI is well designed for
ssessing forecasts, as the anchovy catches in previous months

re the main CNN inputs. A negative PI value would mean that
he model is degrading the original information, thus denoting a
orse performance than the one of the naı̈ve model (Anctil and
at, 2005).

F
s
l

es Research 86 (2007) 188–200

In this paper, the indexes Akaike Information Criterion (AIC)
nd the Bayesian Information Criterion (BIC) were calculated
o give the possibility to compare with values obtained by other
uthors. These indexes are given by (Qi and Zhang, 2001):

IC = log(MSE) + 2m

N
, BIC = log(MSE) + m log(N)

N
(14)

In the previous equations m is the number of parameters of
he model. In these equations both first terms of the second mem-
ers measure the goodness-of-fit of the model to the data while
he second terms penalise the model parameters number. The
umber of model parameters has been considered as the num-
er of neural network weights as in other works have been done
Qi and Zhang, 2001; Chen and Hare, 2006). But in any way, it
ould be necessary to indicate that the neural network weights
ave not the same features as the parameters of an equation
btained using standard statistical estimations techniques (like
inear regressions).

For each measure of accuracy the benchmark of the worst
ermissible error was calculated. McLaughlin (1983) suggests
hat a naı̈ve model determines the forecasting accuracy bench-

ark of any model. The basic naı̈ve model, known as ‘Naı̈ve
orecast I’ (NFI) is defined as the period of the next level
ill be the same as that of the preceding period. This way, if

he forecasting model cannot do better than NFI, it should be
ejected. In the case of AIC and BIC a value of m = 1 was consi-
ered.

. Results
ig. 1. Autocorrelation and partial autocorrelation functions of: (a) original data
eries and (b) convoluted data series. Dotted lines indicate statistical signification
evel (p = 0.05).
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eries. It is possible to observe that the autocorrelation func-
ion is a typical function corresponding with a time series with
rend. Initially the autocorrelations are significantly higher than
ero and gradually decrease to zero in function of the num-
er of lags. In this way, the mean changes with the time which
mply that time series is not stationary in time. A similar result is
bserved for the autocorrelation function of smoothed anchovy
atches time series (Fig. 1(b)). On the other hand, a Levene’s
est showed a lack of variances homogeneity between years in
oth cases (original series: F = 6.21; p < 0.05; smoothed series:
= 10.02; p < 0.05). These results indicate that a previous log-

rithmic transformation and differentiation process in original
nd smoothed time series could facilitate the identification of
he number of inputs to CNN models.

The ACF and PCAF of the transformed anchovy catches time
eries (original and smoothed series) are show in Fig. 2. In both
ases, a first differentiation (d = 1) was enough to eliminate the
rend. The PCAF of original series showed significant partial
utocorrelation for 1, 2, 3, 4, 5, 11, 16, 19 and 22 lags while
he autocorrelation was evident for 1, 2, 10, 12, 14, 22, 23 and
4 lags. When the original data series was smoothed, signif-
cant partial autocorrelations were found for 1 to 10 and 12,
4, 15, 17, 18, 20, 21 and 23 lags. In this case, the autocor-

elation were significant for 1, 2, 3, 8, 9, 11, 12, 14, 15, 20,
1, 23, and 24 lags. This significant lags configuration indicates
hat underlies an autoregressive behaviour in the catch series
haracterized by a short time non-seasonal dependence (approx-

(

c
d

able 1
pectral analysis of the original series of anchovy catches arranged by spectral densi

requency (months−1) Period (months) Period (years) Cosine c

.0019 516.0 43.0 22432.

.0039 258.0 21.5 −10911.

.0058 172.0 14.3 5304.

.0329 30.4 2.5 −14810.

.0310 32.3 2.7 4998.

.1725 5.8 0.5 −11973.

.0116 86.0 7.2 −11353.

.0136 73.7 6.1 7959.

.0833 12.0 1.0 4853.

.0349 28.7 2.4 −6700.

.2500 4.0 0.3 −648.

.0097 103.2 8.6 864.

.0484 20.6 1.7 10618.

.0291 34.4 2.9 9207.

.2519 4.0 0.3 10303.

.1705 5.9 0.5 −5486.

.0853 11.7 1.0 7992.

.0078 129.0 10.8 3025.

.1744 5.7 0.5 4333.

.0504 19.8 1.7 9568.

.0814 12.3 1.0 −3450.

.0465 21.5 1.8 4668.

.0155 64.5 5.4 2825.

.1686 5.9 0.5 7349.

.2481 4.0 0.3 −5458.

.0950 10.5 0.9 4780.

.0523 19.1 1.6 3657.

.0562 17.8 1.5 9759.

.0368 27.2 2.3 −6973.

or 29 principal frequencies the period (months and years), cosine coefficient, sine co
ig. 2. Autocorrelation and partial autocorrelation functions of differentiated
ata series (d = 1) corresponding with: (a) original data series and (b) convoluted
ata series. Dotted lines indicate statistical signification level (p = 0.05).

mately 1–6 months) and a medium time seasonal dependence

approximately 18–24 months).

The FFT analysis of original data series detected seasonal
omponents of large, medium and short time (Table 1) of spectral
ensity indicating that the large time seasonal component was

ty

oefficient Sine coefficient Periodogram Spectral density

55 −14907.04 1.87 × 1011 1.34 × 1011

46 23661.44 1.75 × 1011 1.31 × l011

40 9609.07 3.11 × 1010 6.46 × 1010

30 8628.08 7.58 × 1010 5.12 × 1010

30 −13178.40 5.13 × 101 4.83 × 1010

26 11434.57 7.07 × 1010 3.70 × 1010

96 3834.66 3.71 × 1010 3.61 × 1010

20 10633.99 4.55 × 1010 3.19 × 1010

53 13101.90 5.04 × 1010 3.11 × 1010

71 3500.62 1.47 × 1010 2.99 × 1010

27 11908.01 3.67 × 1010 2.84 × 1010

30 −11611.45 3.50 × 1010 2.79 × 1010

63 −5713.19 3.75 × 1010 2.77 × 1010

79 4574.93 2.73 × 1010 2.75 × 1010

78 6506.65 3.83 × 1010 2.69 × 1010

26 −224.92 7.78 × 109 2.68 × 1010

63 6967.06 2.90 × 1010 2.58 × 1010

62 712.01 2.49 × 109 2.46 × 1010

00 4561.54 1.02 × 1010 2.36 × 1010

14 −836.68 2.38 × 1010 2.32 × 1010

83 1972.99 4.08 × 109 1.92 × 1010

49 7405.36 1.98 × 1010 1.88 × 1010

97 −1526.77 2.66 × 109 1.85 × 1010

51 6299.98 2.42 × 1010 1.66 × 1010

41 −3581.71 1.10 × 1010 1.56 × 1010

93 9333.27 2.84 × 1010 1.56 × 1010

52 −5474.28 1.12 × 1010 1.41 × 1010

69 −447.76 2.46 × 1010 1.37 × 1010

88 1260.86 1.30 × 1010 1.34 × 1010

efficient, periodogram value and spectral density are shown.
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Fig. 3. (a) Scatterplot of observed anchovy catches vs. estimated anchovy
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ontrolled by periods of 43, 22 and 14 years, approximately. At
edium time scale, 2.5, 3 and 1 years were detected while peri-

ds of 6 and 4 months were observed at short time. Similar results
ere found for smoothed catch series although in this case, the
eriods corresponding to high frequencies were significantly less
mportant as a consequence of smoothing process.

In this way, non-seasonal and seasonal models were cal-
brated and externally validated considering the 6 previous

onths and 1 year as inputs to the neural approximations, respec-
ively. Also, variations around 6 and 12 months were tested with
he same calibration and external validation sets.

.2. Neural networks results: original and smoothed time
eries

Fig. 3(a) shows the best results in the type I external vali-
ation phase of the 120 CNN models calibrated with original
atches data series and considering the 6 previous months as
nputs (non-seasonal autoregressive CNN). The architecture of
he best model, considering for its selection an assessment based
n the different accuracy measures, was 6–5s–5s–1l.

The determination coefficient between observed and esti-
ated catches in this validation phase indicated that only a

0.41% of the explained variance was captured by the model.
n this case, this level of explained variance implied a stan-
ard error prediction (SEP) of 90.26%, a root mean standard
rror (RMSE) of 42182.6 tonnes and a mean absolute error of
7175.08 tonnes. A detailed analysis of these results showed that
he poor performance was mainly due to the occurrence of a dis-
lacement between estimated and observed values, as indicated
ersistence index close to zero (PI = 0.106). These results were
nly slightly better than the obtained for the naı̈ve model. How-

ver, the calculated values for E2, ARV, AIC and BIC indicated
hat the forecast of the non-seasonal autoregressive 6–5s–5s–1l
NN model considering original catches was worst than NF1
odel prediction (Table 2).

catches from 6–5s–5s–1l model calibrated with original data series (EVI; type
I external validation; N = 99); (b) monthly observed and estimated anchovy
catches in the year 2005 (EVII, type II external validation; N = 12).

able 2
easures of accuracy calculated in the external validation (type I; EVI) for the best non-seasonal and seasonal models calibrated with original and convoluted data

CNN producing the best performance in each model was selected from a pool of 30 repetitions)

ccuracy measures NF1 6–5s–5s–1la 6–15s–15s–1lb 7–5s–5s–1lc 7–10s–10s–1ld

0.5267 0.7100 0.9071 0.4962 0.8875
2 0.2773 0.5041 0.8227 0.2462 0.7873
I 0 0.1056 0.7732 0.2037 0.7629
MSE (tonnes) 63378.87 42182.27 30400.49 65836.04 30668.54
EP (%) 111.1082 90.2642 52.1075 100.6922 51.1724
AE (tonnes) 36825.36 27175.08 18882.79 43494.13 20756.98

2 0.0539 −0.9333 0.8117 −0.3188 0.7724
RV 0.9461 1.9333 0.1883 1.3188 0.2276

1 60 330 65 180
IC 9.6078 10.4624 15.7005 10.8490 12.6097
IC 9.6091 10.4597 15.6709 10.8464 12.6018

n all cases N = 99 selected in the range January 1963–December 2004. NF1 shows the accuracy measures for the basic naı̈ve model.
a Inputs in the calibration phase = original data; model type = non-seasonal autoregressive CNN.
b Inputs in the calibration phase = convoluted data; model type = non-seasonal autoregressive CNN.
c Inputs in the calibration phase = original data; model type = seasonal (S = 12 [1 year]; P = 1 [1 month]) autoregressive CNN.
d Inputs in the calibration phase = convoluted data; model type = seasonal (S = 12 [1 year]; P = 1 [1 month]) autoregressive CNN.
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Table 3
Measures of accuracy calculated in the external validation (type II; EVII) for the best non-seasonal and seasonal models calibrated with original and convoluted data
(CNN producing the best performance in each model was selected from a pool of 30 repetitions)

Accuracy measures NF1 6–5s–5s–1la 6–15s–15s–1lb 7–5s–5s–1lc 7–10s–10s–1ld

R 0.5267 −0.1236 0.7481 −0.0146 0.7543
R2 0.2773 0.0152 0.5597 0.0002 0.5690
PI 0 0.1807 0.6875 0.2423 0.6868
RMSE (tonnes) 63378.87 48883.71 30191.77 47008.45 30222.78
SEP (%) 111.1082 57.3290 35.4078 55.1297 35.4441
MAE (tonnes) 36825.36 40992.84 23477.92 37992.29 23666.10
E2 0.0539 0.1158 0.6572 −0.1870 0.5093
ARV 0.9461 0.8842 0.3428 1.1870 0.4907
m 1 60 330 65 180
AIC 9.6078 19.3783 63.9598 20.1776 38.9607
BIC 9.6091 14.7742 38.6373 15.1899 25.1483

In all cases N = 12 corresponding with year 2005. NF1 shows the accuracy measures for the basic naı̈ve model.
a Inputs in the calibration phase = original data; model type = non-seasonal autoregressive CNN.
b Inputs in the calibration phase = convoluted data; model type = non-seasonal autoregressive CNN.

[1 year]; P = 1 [1 month]) autoregressive CNN.
12 [1 year]; P = 1 [1 month]) autoregressive CNN.
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c Inputs in the calibration phase = original data; model type = seasonal (S = 12
d Inputs in the calibration phase = convoluted data; model type = seasonal (S =

The insufficient forecast capacity of this model was also
bserved in type II external validation phase (year 2005).
n this case, the model tends to estimate anchovy catches
round the mean value of observed anchovy catches for
005 (Fig. 3(b)). This behaviour implied a very low level of
xplained variance (R2 = 0.0152), a very high mean absolute
rror (MAE = 40992.84) and AIC and BIC values higher than
hose calculated for the NF1 model. In spite of it, the rest of accu-
acy measures provided values slightly better than the obtained
ith the naı̈ve model (Table 3).
Significantly better results were obtained when the inputs to

he models were convoluted by means a smoothed function. In
his case, the architecture which provided the best prediction had
5 neurons in the first and second hidden layers (6–15s–15s–1l).
or this model, all accuracy measures except AIC and BIC were
etter than those calculated for NF1 in both external validation
hases (Tables 2 and 3). Compared with the best neural net-
ork calibrated with non-smoothed data (6–5s–5s–1l model),

he 6–15s–15s–1l model improved significantly all error terms
n the type II external validation phase (Table 3). In type I exter-
al validation phase, only AIC and BIC were better for the
–5s–5s–1l model (Table 2).

Fig. 4(a) shows the regression between observed and esti-
ated anchovy catches in type I external validation phase

or the best neural network calibrated with smoothed data
6–15s–15s–1l model). It is possible to observe a good fit of
ata to line 1:1, although exists a higher dispersion level above
00,000 tonnes. This is a consequence that, even thought the
odel captured the general behaviour of data series, tended to

ndervalue some pick catches as March, April and October of
he year 2005 (type II external validation phase) (Fig. 4(b)).

Very similar results were found when the seasonal autore-
ressive CNN models were used. In this case, the best results

ere obtained for a seasonal order of 12 months (S = 12) and
seasonal autoregressive term P = 1. The effect of the sea-

onality was common to CNNs calibrated with original and
onvoluted data, although the hidden neural architecture which

Fig. 4. (a) Scatterplot of observed anchovy catches vs. estimated anchovy
catches from 6–15s–15s–1l model calibrated with convoluted data series (EVI;
type I external validation; N = 99); (b) monthly observed and estimated anchovy
catches in the year 2005 (EVII, type II external validation; N = 12).
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Table 4
Accuracy measures of the best recurrent CNN models for each hidden neuronal architecture in the external validation (type I; EVI) (CNN producing the best
performance in each model was selected from a pool of 30 repetitions)

Hidden neuronal
architecture

Accuracy measures

R R2 RMSE (tonnes) SEP (%) E2 ARV MAE (tonnes) PI AIC BIC

NFI 0.5267 0.2773 63378.9 111.1 36825 0.0539 0.9461 0 9.6078 9.6078
5 0.7012 0.4917 72805.44 122.9407 −0.4422 1.4422 69870.64 0.0734 8.4358a 8.4342a

10 0.6865 0.4713 48117.96 81.2523 0.3700 0.6300 46530.72 0.2565 8.7831 8.7800
15 0.8287 0.6867 35237.91 59.5034 0.6621 0.3379 34280.63 0.6284 9.2196 9.2150
20 0.8349 0.6971 35380.36 59.7439 0.6594 0.3406 26540.22 0.6692 9.9302 9.9240
25 0.7300 0.5329 41866.48 70.6965 0.5230 0.4769 55698.81 0.3377 10.7835 10.7757
30 0.7704 0.5935 31327.18a 46.1452a 0.7968a 0.2032a 23200.82a 0.6547 11.1200 11.1107
35 0.9222 0.8505 35966.96 60.7345 0.6480 0.3520 28432.45 0.7324a 12.0657 12.0549
40 0.9383a 0.8804a 32983.68 55.6969 0.7039 0.2960 27030.68 0.7241 12.6975 12.6852
45 0.6471 0.4187 86062.63 145.3270 −1.0152 2.0153 71690.46 0.1129 14.2376 14.2237
50 0.5600 0.3136 90763.78 153.2655 −1.2414 2.2415 81640.52 0.1238 14.9909 14.9755
5 −
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5 0.8433 0.7112 111621.66 188.4864

F1 shows the accuracy measures for the basic naı̈ve model.
a Best results.

rovided the best results was different (7–5s–5s–1l for origi-
al data and 7–10s–10s–1l for convoluted data). The external
alidation phases (type I and II) for the 7–5s–5s–1l model
howed accuracy measures very close to 6–5s–5s–1l model
alibrated with original data. Type I external validation of
he best CNN calibrated with convoluted data provided worse
alues (except AIC and BIC) than those calculated for the non-
easonal model (Table 2). On the other hand, the values obtained
n the type II external validation phase were slightly better
Table 3).
.3. Recurrent neural networks results

Table 4 shows the best prediction results reported for the
ecurrent CNNs in the type I external validation phase. In

o
s
A
p

able 5
easures of accuracy calculated in the external validation (type I; EVI) for the best no
ith ARIMA models

ccuracy measures NF1 6–15s–15s–1la + ARI

0.5267 0.9175
2 0.2773 0.8418
I 0 0.7778
MSE (tonnes) 63378.87 30090.76
EP (%) 111.1082 51.5766
AE (tonnes) 36825.36 17482.61

2 0.0539 0.8153
RV 0.9461 0.1847

1 332c

IC 9.6078 15.7324
IC 9.6091 15.7027

RIMA parameterse φ1 = −0.2514; φ2 = −
n all cases N = 99 selected in the range January 1963–December 2004. NF1 shows th

a Inputs in the calibration phase = convoluted data; model type = non-seasonal auto
b Inputs in the calibration phase = original data; model type = seasonal (S = 12 [1 ye
c m = 330 CNN weights + 2 autoregressive parameters of ARIMA model.
d m = 184 CNN weights + 1 non-seasonal autoregressive parameter + 1 non-seasona
oving average parameter of ARIMA model.
e All parameters p < 0.05.
2.3900 3.3900 86060.41 0.1697 15.8776 15.8607

his case, the architectures which provided the best results
based on a global evaluation of all accuracy measures) had
mong 30 and 40 neurons in the hidden layer. This way, the
–40s–1 model explained 88% of the variance, but the lowest
rror levels (RMSE = 31327.18 tonnes; SEP = 46.1452%) and
isplacement (PI = 0.7324) between observed and estimated data
ere found for 30 and 35 neurons in the hidden layer, respecti-
ely.

Globally, it was possible to observe that the recurrent CNNs
redicted better than the classic autoregressive CNN models cal-
brated with convoluted and non-convoluted data, but did not

vercome the forecast capacity of CNN + ARIMA autoregres-
ive hybrid model calibrated with convoluted data (Section 3.4).
lso, this trend was observed in the type II external validation
hase.

n-seasonal and seasonal models calibrated with convoluted data and hybridised

MA(2,0,0) 7–10s–10s–1lb + ARIMA(1,0,1)(1,0,1)S = 12

0.9030
0.8155
0.7874
29478.51
49.7780
21616.97
0.7915
0.2084
184d

12.7723
12.7384

0.2180 φ1 = 0.3764; θ1 = 0.6150; Φ1 = 0.8779; Θ1 = 0.7344

e accuracy measures for the basic naı̈ve model.
regressive CNN.
ar]; P = 1 [1 month]) autoregressive CNN.

l moving average parameter + 1 seasonal autoregressive parameter + 1 seasonal
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Table 6
Measures of accuracy calculated in the external validation (type II; EVII) for the best non-seasonal and seasonal models calibrated with convoluted data and hybridised
with ARIMA models

Accuracy measures NF1 6–15s–15s–1la + ARIMA(2,0,0) 7–10s–10s–1lb + ARIMA(1,0,1)(1,0,1)S = 12

R 0.5267 0.9344 0.8380
R2 0.2773 0.8731 0.7022
PI 0 0.7703 0.7459
RMSE (tonnes) 63378.87 25881.32 27221.58
SEP (%) 111.1082 30.3527 31.9245
MAE (tonnes) 36825.36 19571.75 21122.99
E2 0.0539 0.6001 0.6019
ARV 0.9461 0.3598 0.3981
m 1 332c 184d

AIC 9.6078 64.1593 39.5365
BIC 9.6091 38.6833 25.4173

ARIMA parameterse φ1 = −0.2514; φ2 = −0.2180 φ1 = 0.3764; θ1 = 0.6150; Φ1 = 0.8779; Θ1 = 0.7344

In all cases N = 12 corresponding with year 2005. NF1 shows the accuracy measures for the basic naı̈ve model.
a Inputs in the calibration phase = convoluted data; model type = non-seasonal autoregressive CNN.
b Inputs in the calibration phase = original data; model type = seasonal (S = 12 [1 year]; P = 1 [1 month]) autoregressive CNN.
c m = 330 CNN weights + 2 autoregressive parameters of ARIMA model.
d m = 184 CNN weights + 1 non-seasonal autoregressive parameter + 1 non-seasonal moving average parameter + 1 seasonal autoregressive parameter + 1 seasonal
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oving average parameter of ARIMA model.
e All parameters p < 0.05.

.4. Hybrid model results

Significant improvements were found when the best CNN
odels were calibrated together with ARIMA models. In case of

he non-seasonal model (6–15s–15s–1l) initially calibrated with
onvoluted data, the best estimate was obtained by applying an
RIMA(2,0,0) to residuals of the CNN model (Table 5). For

his configuration better accuracy measures and parameters φi

ith a level of acceptable statistical significance (p < 0.05) were
chieved. This way, in the type I external validation phase, the
ybrid model improved all accuracy measures (except AIC and
IC).

Also, the forecast capacity of this model was shown in the
ype II external validation phase where the explained variance
eached a level of 87.31% and the standard error of prediction
as slightly above 30% (the lowest level among all calibrated

nd validated models) (Table 6). This is related with a low dis-
ersion between observed and estimated data along the line 1:1
nd a low displacement between both time series (Fig. 5).

Likewise good estimations were reached when the best sea-
onal CNN model was hybridised with an ARIMA model. In
his case, the ARIMA configuration which provided the best
esults had seasonal and non-seasonal parameters with a sea-
onal cycle of 12 months (S = 12). In type I external validation
hase, this model explained a higher level of variance at the
xpense of reducing the lag between observed and estimated
alues and using a more complex configuration. This way, the
ersistence index was maximum for this model (PI = 0.7874),
ut the absolute average error was higher than the calculated for
–15s–15s–1l + ARIMA(2,0,0). Also, this effect was observed

n type II external validation phase (Tables 5 and 6).

Fig. 6(a) shows the schematic representation of the forecasted
nchovy catches as a function of the observed catches for the
ype I external validation phase from the best seasonal hybrid

W
P

C

odel. It is possible to observe a good fit of the scatter data along
he line 1:1, although as same as the rest of the CNNs calibrated,
his model tended to undervalue high catch levels and in a less
mportant form overvalue low catch levels. In spite of this, the

odel captured the general trend of the anchovy catches data
eries (Fig. 6(b)).

. Discussion

The adequacy of computational neural networks models for
onthly anchovy catches forecasting in north area of Chile was

nalysed in this paper. The best correlation and error statistics
ere obtained based on hybrid configuration CNN + ARIMA
aving as input data the anchovy catches in 6 previous months
ombined with a convolution process of the input sequence by
ean a smooth function. The results thus achieved were better

han those obtained with typical autoregressive training based
nly on catches data at various time delays. Also, the results
ere better than those obtained with recurrent neural networks

Elman model) and convoluted autoregressive CNN models.
As suggested Legates and McCabe (1999), a multicriteria

erformance assessment based on different accuracy measures
as appropriated to select the best models. In some cases, the

xplained variances were significantly high pointed towards the
ood performance of the model, but the values of RMSE, SEP,
2, ARV, MAE and/or PI were significantly worse than those
btained with others models and even with the naı̈ve model
NFI). This way, high correlations can be achieved by mediocre
r poor models. Similar conclusions were obtained in forecast-
ng of different kinds of time variables (Garrick et al., 1978;
illmott et al., 1985; Stergiou et al., 1997; Pulido-Calvo and
ortela, 2007; Velo-Suárez and Gutiérrez-Estrada, 2007).

In typical autoregressive CNN, convoluted autoregressive
NN and recurrent CNN models, the principal source of error
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Fig. 5. (a) Scatterplot of observed anchovy catches vs. estimated anchovy
catches from 6–15s–15s–1l + ARIMA(2,0,0) model calibrated with convoluted
d
e
N

w
r
o
i
t
s
a
m
f
p
a
w
a
e
r
m
C

r
t
e

Fig. 6. (a) Scatterplot of observed anchovy catches vs. estimated anchovy
catches from 7–10s–10s–1l + ARIMA(1,0,1)(1,0,1)S = 12 model calibrated with
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ata series (EVI; type I external validation; N = 99); (b) monthly observed and
stimated anchovy catches in the year 2005 (EVII, type II external validation;
= 12).

as found in the displacement of the estimated curves with
egard to the observed ones. This effect occurred despite mem-
ry was added to network by mean of a buffer containing recent
nputs (catches in previous months) which was probably due to
he fact that the correlation between observed catches in any con-
ecutive months were most of the time high (R = 0.53; p < 0.05)
nd so, each month occurrence is highly responsible for the next
onthly realization. On the other hand it is known that a trained

eed forward neural network has a static architecture and the out-
ut is solely determined by the present input state to the network
nd not by the initial and past states of the neurons in the net-
ork (Pulido-Calvo and Portela, 2007). Park (1998), Abrahart

nd See (2000), Pulido-Calvo et al. (2003), Gutiérrez-Estrada
t al. (2004) and Velo-Suárez and Gutiérrez-Estrada (2007) also
eported this ‘lag-one’ difference between observed and esti-
ated values resulting from multiple regression, ARIMA and
NNs models applied to forecasting of different time variables.
In general, in spite of the wide spectrum of different configu-
ations used in this work, the best results for each configuration
ype indicated that the models captured the anchovy fish-
ry behaviour. Similar results are reported for other small

h
t
I

onvoluted data series (EVI; type I external validation; N = 99); (b) monthly
bserved and estimated anchovy catches in the year 2005 (EVII, type II external
alidation; N = 12).

elagic fisheries using linear univariate models with long
nd stable data series. Stergiou et al. (1997) indicated that
RIMA(1,0,1)(0,1,2)12 model fitted and forecasted the monthly

atches of anchovy (Engraulis encrasicolus) in Hellenic waters.
n this case, the model provided very high values of R2 and low
alues of BIC, medium standard error and mean absolute per-
entage error. These results contrasted with those obtained from
edium-short and non-stable data series by Lloret et al. (2000)
hich reported that ARIMA models had a low forecast capac-

ty for small pelagic fishes (as E. encrasicolus or small Sardina
ilchardus) in north-western Mediterranean sea. This indicates
hat in these conditions ARIMA models cannot extract the lin-
ar component of data series. This way, CNN models which
ave a great capacity to mapping highly non-linear relationships
etween variables may be more appropriate when unstable data
eries (as anchovy catches in north area of Chile) are used.
In spite of high generalisation capacity that by themselves
ave the CNN models, the best results in both external valida-
ion phases were obtained by CNN + ARIMA hybrid models.
n this case, the CNN alone was not able map the linear and
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on-linear relationships between variables, which indicates the
igh complexity of the modeled system. Oceanographic and cli-
atic shifts have been related with marine ecosystem changes

or several spatial-temporal scales (Hare et al., 2000; Alheit
nd Ñiquen, 2004). Specifically, Cañón (1986), Yáñez et al.
1986) and Montecinos et al. (2003) report that the ecosystem of
nchovy fishery is conditioned by El Niño events and long-term
nvironmental changes. Generally, not very intensive El Niño
vents cause horizontal and vertical movements of this fishery
esource. Nevertheless, these events are related with environ-
ental shifts of large scale, which is the reason why it is very

ifficult to identify their effects on anchovy resource as well as
o evaluate the interaction between biological processes and the
xploitation of this resource. Also, the ecosystem complexity is
resent at seasonal scale, because water temperature variation
nd upwelling phenomena in the coast regulate the ecosystem
roductivity, migration and growth capacity of anchovy stock
Myers et al., 1995; Hutching, 2000; Yáñez et al., 2001).

The results show that independently of the model type and
umber of hidden neurons, the number of inputs which explained
he highest levels of variance in the external validation phase was
months. Thus, the 6 previous months were enough to explain
variance level between 84% and 87% when the CNN was

ybridised with an ARIMA(2,0,0) model. This can be related
ith biological aspects of anchovy which have a great influence
n fishery features and consequently on the topology of the mod-
ls. Cubillos et al. (2002) report that among the most important
shery and biological aspects of anchovy are: (a) short life span;
b) fast growth in length, with seasonally oscillating growth rate;
c) spawning time in the winter time (July–August–September);
d) seasonal fishery, with higher catches and fishing effort during
anuary–March every year. These features can be implicit in the
onfiguration of the model. This way, the anchovy recruitment
which occurs approximately in January), is highly non-linear
ependent of the spawning because the eggs and larval sur-
ival are related with the turbulence index variation and Ekman
ransport, which ones are related with the direction and wind
ntensity (Bakum et al., 1974; Santander and Flores, 1983;
arrish et al., 1983; Yáñez et al., 2001). On the other hand,

he variance explained by the linear component of the model
ARIMA(2,0,0)], can be associated to spawning secondary pro-
ess (Castillo et al., 2002) that occurs in November, December
nd January (approximately 2 months before the highest annual
atches).

The good results obtained could indicate that, from the point
f view of univariate approach, a quasi-complete characteri-
ation of anchovy catches has been reached. However, it is
lso necessary to point out the model limitations (its forecast-
ng capacity and/or it biological significance) in the context of

short-medium term time period. Any method based on uni-
ariate techniques assumes that exists some dependence (linear
non-linear) between the time series data. In this way, each

bservation can be explained as a linear/non-linear function of

ts past values. This implies that the variance of data series is
quivalent to the variances sum of any external variable that has
nfluence on anchovy catches. Therefore, the univariate model
hat explains shifts of historical data has the capacity to detect

E
F

G

s Research 86 (2007) 188–200 199

he external variables influence implicit in the variance of time
eries data. However, if new external variables intervene in the
ystem or significant changes in the relationships established
y the model are carried out then the forecasting accuracy of
he model will be damaged. These changes will imply that new
nchovy catch patterns must be considered and therefore the
odel should be calibrated and validated again.
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marino frente al Perú. FAO Inf. Pesca 292 (3), 835–867.

ERNAPESCA, 1978-2004. Anuarios Estadı́sticos de Pesca. Servicio
Nacional de Pesca. Ministerio de Economı́a, Fomento y Reconstrucción,
Chile.

hepherd, A.J., 1997. Second-order Methods for Neural Networks. Springer,
New York.

hepherd, J.G., 1999. Extended survivors analysis: an improved method for
analysis of catch-at-age data and abundance indices. ICES J. Mar. Sci. 56,
584–591.

tergiou, K.I., Christou, E.D., Petrakis, G., 1997. Modelling and forecasting
monthly fisheries catches: comparison of regression, univariate and multi-
variate time series methods. Fish. Res. 29, 55–95.

an, Y., van Cauwenberghe, A., 1999. Neural-network-based d-step-ahead pre-
dictors for nonlinear systems with time delay. Eng. Appl. Artif. Intell. 12
(1), 21–25.

soukalas, L.H., Uhrig, R.E., 1997. Fuzzy and Neural Approaches in Engineer-
ing. Wiley Interscience, New York.
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